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Abstract
Individuals with diabetes face higher risks for macro- and microvascular complications than their non-diabetic counterparts. The
concept of precision medicine in diabetes aims to optimise treatment decisions for individual patients to reduce the risk of major
diabetic complications, including cardiovascular outcomes, retinopathy, nephropathy, neuropathy and overall mortality. In this
context, prognostic models can be used to estimate an individual’s risk for relevant complications based on individual risk profiles.
This review aims to place the concept of predictionmodelling into the context of precision prognostics. As opposed to identification
of diabetes subsets, the development of prediction models, including the selection of predictors based on their longitudinal
association with the outcome of interest and their discriminatory ability, allows estimation of an individual’s absolute risk of
complications. As a consequence, such models provide information about potential patient subgroups and their treatment needs.
This review provides insight into the methodological issues specifically related to the development and validation of prediction
models for diabetes complications. We summarise existing prediction models for macro- and microvascular complications,
commonly included predictors, and examples of available validation studies. The review also discusses the potential of non-
classical risk markers and omics-based predictors. Finally, it gives insight into the requirements and challenges related to the clinical
applications and implementation of developed predictions models to optimise medical decision making.
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Abbreviations
ADVANCE Action in Diabetes and Vascular Disease:

Preterax and Diamicron MR Controlled
Evaluation

DCS Diabetes Care System
EPIC European Prospective Investigation into

Cancer and Nutrition
ESC European Society of Cardiology
NDR National Diabetes Register
RECODe Risk Equations for Complications of Type 2

Diabetes
UKPDS UK Prospective Diabetes Study

Introduction

Precision medicine in diabetes emphasises tailoring diagnostics
or therapeutics to subgroups of populations sharing similar char-
acteristics, thereby minimising error and risk while maximising
efficacy [1]. One focus of precision medicine is precision prog-
nostics, which aims to improve the precision and accuracy of
predictions of diabetes-related outcomes. CVD (including
CHD, cerebrovascular disease and peripheral artery disease) is
the leading cause of morbidity and mortality among individuals
with diabetes. Diabetes increases the risk of hospitalisation for
major CVD events two- to fourfold [2]. According to the
Emerging Risk Factor Collaboration, diabetic individuals with-
out prior CVD have a 2.3-fold increased risk of vascular-related
death compared with non-diabetic individuals, independent of
differences in age, sex, smoking status andBMI [3]. Heart failure
risk is similarly increased in individuals with diabetes.
Furthermore, microvascular complications (retinopathy,
nephropathy, neuropathy) are common in individuals with diabe-
tes and substantially contribute to the burden of comorbidities
[4]. Relevant outcomes for precision prognostics in individuals
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with diabetes include these macro- and microvascular complica-
tions and premature death and may also relate to patient-centred
outcomes. This review covers the following aspects of precision
prognostics in diabetes: (1) methodological approaches for prog-
nostic models; (2) prognostic models for macro- and microvas-
cular complications and overall mortality using routine clinical
data; (3) the potential utility of non-classical riskmarkers; and (4)
implementation of precision prognostics in clinical care. Our
review focuses on the prediction of diabetes-related macro- and
microvascular complications rather than the wider spectrum of
diabetes-related comorbidities or patient-centred outcomes.

Methodological approaches
for the development and validation
of prognostic models

While individuals with diabetes are at higher risk for macro- and
microvascular diseases than those without diabetes, the risk is
likely to differ substantially from person to person. Diabetes
evolves from a variety of pathophysiological constellations, and
the presence of other risk factors beyond hyperglycaemia is likely
to differ. Precise prognosis of an individual’s likelihood of devel-
oping complications would identify those at highest risk,
prompting more intensive medical treatment to control risk
factors and prevent complications. Precise prognostics allow an
individual to be matched to others with a similar complications
risk and, through knowledge of treatment efficacy, enable optimal
choice of therapy [1]. Precision prognostics refers here to
improved precision of prognosis using information on individual
biological factors, lifestyle, environment or context [1]. It relates
to the development and application of probability-based models,

which allow calculation of an individual’s absolute risk for
complications based on information from a variety of different
risk factors. Prognostic models are based on longitudinal data,
with models directly linking information on risk factors to
complication events (Fig. 1).

Importantly, precision prognostics differs from attempts
to identify subsets of individuals based on physiological
variables alone without the use of event information in the
process of classification. To illustrate, recent attempts to
identify subclasses of diabetes in newly diagnosed individ-
uals [5, 6] allow the matching of a person to a subgroup
with a relatively similar phenotype. However, while differ-
ent event rates for complications might be observable for
such subgroups, prognostic models should generally
outperform such classification attempts in terms of predic-
tive performance [7].

For prediction models to qualify for implementation into
routine care, they should undergo different stages: model devel-
opment; model evaluation in terms of prognostic performance
(ideally including external validation in the target population);
translation to clinical decision support; and evaluation of the
clinical implementation [8–10]. In the developmental stage, the
selection of the study population, predictors, outcomes and the
prediction time frame is highly decisive for the subsequent appli-
cation possibilities, and the choice should fit the intended use of
the model (i.e. the study population and setting should mirror the
characteristics of the target population for the application).
Predictor candidates should be selected based on their predictive
ability and for parsimony of the model, yet should also depend
on their availably in the envisioned application setting.
Furthermore, the prediction time frame should relate to potential
interventions to lower risk.
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Fig. 1 Precision prognostics. Precision prognostics refers to the prognosis of
diabetes complications by probabilisticmodels using information on individual
demographic and biological factors (pre-existing complications, routine clinical
information, pathological findings, genetics, non-routine [omics-] biomarkers),

lifestyle, environment or context. This process allows calculation of an indi-
vidual’s absolute complication risk,with severity indicated by colour (red, high
risk; yellow, medium risk; green, low risk). This figure is available as part of a
downloadable slideset
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The next crucial step is the evaluation of model perfor-
mance in terms of discrimination and calibration.
Discrimination relates to the model’s ability to differentiate
between future cases and non-cases (e.g. by assignment of
higher predicted risks to future cases). This is frequently
expressed by concordance (C) statistics such as the area under
the receiver operating characteristic curve (ROC-AUC) and
the C index ranging between 0.5 (predicted risk assignment
equals chance) and 1.0 (perfect discrimination) [11, 12]. The
calibration refers to the agreement between the predicted prob-
ability of developing the outcome of interest within a certain
time period and the observed outcome frequencies [9, 12].
Assessments of discrimination and calibration are also essen-
tial to evaluate prediction increment through additional predic-
tors. However, the C statistic is considered to be insufficiently
sensitive to reflect small but clinically meaningful model
improvements. Therefore reclassification-based methods such
as the net reclassification improvement (NRI) and the integrat-
ed discrimination improvement (IDI) have been proposed to
complement the evaluation of additional predictors on top of
the previously described performance measures [12, 13].
Importantly, to avoid over-optimistic performance estimates
from internal validations as a result of overfitting, model
performance should be externally validated.

Specifically in the context of diabetes complications, several
aspects of the development that may complicate the interpreta-
tion, validation and performance assessment need to be taken
into account. First, the model performance and its comparability
across different studies is highly dependent on the outcome
definition. Aggregating multiple complications to one compos-
ite, potentially clinically (more) relevant or informative outcome
is common practice. CVD models, for example, may predict
quite different composite outcomes of myocardial infarction,
ischaemic and/or haemorrhagic stroke, heart failure, transient

ischaemic attack, angina and other cardiovascular events. The
lack of standardised outcome definitions and unavailability of
single components of composite endpoints in individual studies
hampers the ability to compare different models and model
performance across studies. On the other hand, there are also
deviations in the diagnostic definitions applied for single
endpoints themselves. While there are attempts to standardise
cardiovascular event diagnoses and classifications (e.g. by use of
the WHO Monitoring Trends and Determinants in
Cardiovascular Disease [MONICA] criteria), standardisation
appears less common for microvascular complications. Some
studies aimed at addressing this issue have derived models for
different diagnosis definitions or differently composed
endpoints. For instance, the Risk Equations for Complications
of Type 2 Diabetes (RECODe) models predicts nephropathy as
microalbuminuria, macroalbuminuria, renal failure or end-stage
renal disease, doubling of serum creatinine, or >20 ml min−1

[1.73 m]−2 decrease in eGFR, either alone or in combination
[14]. Still, there is a clear need for standardised diagnosis and
outcome definitions in prognostic modelling of diabetes compli-
cations to allow comparison across different studies.

Second, the pathophysiological interconnection of
diabetes-related secondary diseases complicates the prediction
of diabetic complications in type 2 diabetes [15–18] and type
1 diabetes [19, 20]. As an example, the development of
macrovascular complications is accelerated by the presence
of microvascular complications in type 2 diabetes [15].
Beyond that, the development of the interconnected diabetic
comorbidities likely underlies a time-dependent gradual
process with different stages of progression that could be
taken into account to improve risk predictions. When devel-
oping prognostic models, different approaches could conceiv-
ably address these issues, although each of them comes with
specific limitations, as described in Text box 1.

Inclusion of selected prevalent comorbidities as covariates in the model (e.g. [14, 32, 35, 49]): 

such a model considers the additional risk load of prevalent complications. However, overall perfor-

mance of the model is driven by the majority of study participants and may not reflect the true perfor-

mance in subgroups of individuals with increasing complication load

Model estimation in subgroups with prevalent complications separately: such models 

could be fitted specifically to groups with distinct prevalent complications or their combinations and 

would thus address potential differences in risk factor structure and importance between groups of in-

dividuals with different complication load. However, developing and validating a variety of subgroup-

specific prediction models is challenging as it requires sufficient sample sizes for these subgroups

Inclusion of repeated measurements or time-dependent variables to reflect the progression of 

comorbidity stages: such models would allow disease monitoring but would require repeated infor-

mation from different time points and defined disease progression stages in studies

Text box 1: approaches to account for the interconnection of diabetes com-

plications in the development of prognostic models and their limitations
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Third, the composition of the study sample used for model
development is important. The baseline risk and the estimated
weights for individual risk factors incorporated into prognos-
tic models are average-based and depend on the derivation
cohort. This potentially conflicts with the concept of precision
prevention, as the ‘average’may not accurately reflect the risk
in minorities or subgroups in particularly heterogeneous study
samples. One may, for example, argue that separate prognos-
tic models for diabetes complications are needed for the differ-
ent diabetes clusters [5] rather than a ‘one-model-fits-all’
approach. However, higher homogeneity in terms of individ-
ual characteristics in a (sub)sample is related to lower discrim-
inatory ability [21] and may thus complicate the identification
of factors that accurately predict events in these subgroups.

Current status of prognostic models that use
‘classical’ risk factors

Statistical models for predicting macro- and microvascular
complications are widely available. While some models were
developed in individuals with diabetes, others (mainly cardio-
vascular models such as the Pooled Cohort Equation [PCE]
[22] and the Framingham risk scores [23, 24]) were initially
developed in the general population. Validation efforts
suggest that the latter may not provide reliable predictions in
individuals with diabetes (e.g. regarding CVD risk) [14,
25–27]. As already mentioned, this might be explained by
difficulties in accurately predicting risk in specific population
subgroups. This point is illustrated in Fig. 2, which shows the
markedly different distribution of predicted CVD risk in

individuals with vs without diabetes. As a consequence,
CVD prediction models developed for general populations
show lower discriminatory ability in individuals with diabetes
compared with models specifically developed in populations
of individuals with diabetes [28]. Accordingly, this section
focuses on models developed in study populations restricted
to individuals with diabetes, with an emphasis on type 2
diabetes.

Risk models for the prediction of macrovascular
complications

Among models predicting absolute risk of macrovascular
complications [28–30], the majority originate from study
samples located in Europe (the UK Prospective Diabetes
Study [UKPDS] risk engines and outcomes models 1&2
[31–34], Action in Diabetes and Vascular Disease: Preterax
and Diamicron MR Controlled Evaluation [ADVANCE]
model [35] and two Swedish National Diabetes Register
[NDR] models [36, 37]) or the USA and/or Canada (e.g.
RECODe models [14], the Cardiovascular Health Study
[CHS] score [38] and Atherosclerosis Risk in Communities
[ARIC] model [39]). Three recent meta-analyses pooled the
discriminatory measures of selected risk scores with at least
two available external validations for different outcome
definitions [28–30] (Table 1). They reported pooled C
statistics for CVD ranging from 0.66 for the UKPDS risk
engine for CHD [34] to 0.70 for the Fremantle risk score
[40]. For stroke outcomes [30], the pooled C statistic varied
from 0.66 for the UKPDS outcomes model 1 [31] to 0.75 for
the Fremantle risk score [40]. In a separate meta-analysis
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Fig. 2 Illustrative example of the
distribution of absolute 10 year
CVD risk estimated by the Pooled
Cohort Equation (PCE) [22] in
individuals without and with type
2 diabetes from the European
Prospective Investigation into
Cancer and Nutrition (EPIC)-
Potsdam study (n = 25,993) [85].
The distribution of absolute risk
of CVD is on average higher in
individuals with diabetes
compared with individuals
without diabetes. While the
prognostic model performs well
in the full general population,
performance within the subgroup
of individuals with diabetes may
be substantially lower. This figure
is available as part of a
downloadable slideset
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investigating the prediction of cardiovascular death, myocar-
dial infarction and stroke, the RECODe models outperformed
other models in terms of pooled C statistic for all three
outcomes (cardiovascular death 0.79, myocardial infarction
0.72, stroke 0.71) [29]. However, there were substantial differ-
ences in discrimination across individual cohorts used for
external validation. For example, the C statistic (95% CI) of
the Fremantle risk score ranged between 0.58 (0.50, 0.66) and
0.69 (0.59, 0.79) for the prediction of CVD in the European
Prospective Investigation into Cancer and Nutrition (EPIC)-
NL, EPIC-Potsdam and the Secondary Manifestations of
ARTerial disease cohorts [41] (Table 2). Hence, some scores
may be better suited for some specific populations than for
others. Direct comparisons of models within populations
seems highly informative here. Fewer models have been
developed for the prediction of macrovascular complications
in type 1 diabetes; such models include the externally validat-
ed Steno T1D Risk Engine [42], the Swedish NDR [43] and
the Scottish NDR risk score for type 1 diabetes [44].

There is considerable overlap regarding the incorporated
predictors (see Table 3 for examples), with most models
including demographic characteristics such as age, sex (as a
covariate or by estimating sex-specific models) and ethnicity,
and lifestyle-related variables such as smoking status, disease
history, HbA1c or diabetes duration.

Risk models for the prediction of microvascular
complications

Retinopathy Several models have been published for the
prediction of different microvascular diseases. Regarding esti-
mation of absolute retinopathy risk, a recent systematic review
identified 16 prediction models published by February 2018
[45]. Most of the models were developed in study samples
from Europe [31, 46–48], the USA or Canada [14], or a
combination of these [49]. The models included some but
overall fewer demographic characteristics compared with the
CVD scores and most took HbA1c and diabetes duration as
predictors into account (Table 3 and electronic supplementary
material [ESM Table 1]). External validation and performance
comparison in the Diabetes Care System (DCS) cohort,
consisting of over 10,000 individuals with type 2 diabetes,
showed that the models by Aspelund et al [49], Semeraro
et al [48] and Tanaka et al [50] resulted in consistently higher
C statistics than the remaining models. These models showed
higher discriminatory ability with more severe retinopathy
stage (e.g. C statistic [95% CIs] for photocoagulated or prolif-
erative diabetic retinopathy: Aspelund et al 0.89 [0.88, 0.91];
Semeraro et al 0.85 [0.84, 0.87]; and Tanaka et al 0.83 [0.81,
0.85]). Models developed for retinopathy in individuals with
type 1 diabetes are sparse. Aspelund et al provided an equation
specifically for type 1 diabetes that showed good

discrimination in the external validation (C statistic 0.82
[95% CI 0.74, 0.90]) [49, 51].

Nephropathy For the prediction of renal outcomes in individ-
uals with diabetes, several models have been developed,
including the RECODe model [14], the UKPDS outcomes
model 2 [32], the renal DCS risk score [52] and models devel-
oped by Dunkler et al [53] and Jardine et al [54]. Rather than
predicting the onset of renal diseases, other models have
focused on predicting the progression of chronic kidney
disease to kidney failure (e.g. the model developed by
Tangri et al [55]). One of the few models predicting end-
stage kidney disease in individuals with type 1 diabetes was
developed in a cohort from the Steno Diabetes Center
Copenhagen and showed very high discrimination in the two
performed external validations (C statistic [95% CI]: 0.87
[0.81, 0.92]; and 0.96 [0.94, 0.98]) [56].

NeuropathyA recent systematic review summarised available
models predicting polyneuropathy and foot ulcer or amputa-
tion as hard endpoints of neuropathy in individuals with
diabetes and identified 34 prognostic models [57]. However,
most did not allow estimation of absolute risks, thus limiting
risk stratification and interpretation to the relative scale and
ruling out the assessment of model calibration. The C statistic
(95% CI) of 13 models in the DCS study sample [57] for the
composite outcome (including foot ulcer and amputation)
ranged from 0.53 (0.51, 0.55) to 0.84 (0.82, 0.86), with the
model by Boyko et al [58] reaching the highest. One of the
few models developed in individuals with type 1 diabetes to
predict neuropathy-related outcomes showed good discrimi-
natory ability in the type 1 diabetes subsample of the external
validation cohort. However, due to the small sample size (n =
49 with type 1 diabetes, including six cases), the estimate was
imprecise (C statistic 0.74 [95% CI 0.55, 0.91]) [59].

Risk models for the prediction of all-cause mortality

Several models have been developed to predict all-cause
mortality as the ultimate complication of diabetes. Models that
have been externally validated include the RECODe model,
the model by Chang et al and the ENFORCE model [14, 60,
61]. The included predictors were mainly demographic, BP-
or blood lipid-related, or were renal variables (Table 3 and
ESM Table 1). All three models showed acceptable to good
discrimination in the external validations, with C statistics of
0.71–0.81 (RECODe), 0.75–0.82 (ENFORCE) and 0.69
(Chang et al) [14, 60–63]. For the prediction of mortality in
type 1 diabetes, few models exist and are set mainly in the
context of lifetime health outcome simulations [64]. Recently,
and equivalently to the UKPDS outcomes model 2, a patient-
level simulation model for predicting lifetime health outcomes
in type 1 diabetes was developed, including an equation to
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predict mortality [65]. However, due to the large number of
included predictors and the requirement for according infor-
mation, transferability to the application in clinical routine
care is questionable. Overall, the prediction time frames of
the identified models for all-cause mortality range between 5
years and 10 years. Particularly for this ultimate complication,
longer time horizons may be helpful in order to identify at-risk
individuals in a timely manner to enable treatment strategies
for risk reduction.

Risk models for multiple diabetes-related complica-
tions and future research directions

It is worth noting the development of different models within
single studies predicting multiple diabetes-related complica-
tions, including macro- and microvascular complications and/
or overall mortality, namely the RECODe models [14], the
UKPDS outcomes models 1 & 2 [31, 32], the models by
Tanaka et al [50] and Dagliati et al [46]. For example, the
RECODe models for macrovascular complications, retinopa-
thy and neuropathy include similar predictors (Table 3 and
ESM Table 1). Overlap in the predictor sets may facilitate
simultaneous risk assessment of multiple vascular diabetic
complications in clinical practice.

Overall, a wide variety of models applicable in clinical
practice for the prediction of microvascular complications,
and in particular macrovascular complications, as well as
mortality is available. Rather than developing new models,
future research should focus on external validation and
comparison of existing models in target populations, with
the aim of providing information about appropriate model
choices and implementation.

Non-classical biomarkers and omics-based
predictors

As already discussed, conventional prediction models for
macro- and microvascular complications and mortality
include a limited set of clinical characteristics and biomarkers
based on their availability in routine care. However, informa-
tion on biomarkers not routinely collected may also be predic-
tive, although their usefulness depends on the extent to which
they provide information for prediction not already provided
by established risk factors. Thus, novel predictors not only
need to be associated with endpoints but also need to demon-
strate improvements in risk prediction as evaluated by
discrimination, calibration and reclassification statistics.

Table 1 Discrimination performance of diabetes-specific cardiovascular risk models in meta-analyses of validation studies [28–30]

Model Chowdhury et al [28]a Chowdhury et al [30]b Buchan et al [29]c

CVD Stroke CV-related death MI Stroke

UKPDS, Stevens et al, 2001 [34] 0.66 (0.60, 0.72) d

UKPDS, Kothari et al, 2002 [33] d 0.72 (0.68, 0.75)

UKPDS OM 1, Clarke et al, 2004 [31] 0.66 (0.61, 0.71) 0.70 (0.59, 0.81) 0.70 (0.66, 0.74)

UKPDS OM 2, Hayes et al, 2013 [32] e 0.68 (0.61, 0.75) 0.64 (0.58, 0.70) 0.60 (0.59, 0.61)

ADVANCE, Kengne et al, 2011 [35] 0.69 (0.67, 0.71) 0.67 (0.65, 0.69)

DCS, Elley et al, 2010 [86] 0.68 (0.66, 0.69) f

Fremantle, Davis et al, 2010 [40] 0.70 (0.59, 0.81) 0.75 (0.58, 0.92)

NDR, Cederholm et al, 2008 [36] 0.67 (0.64, 0.71) f

NDR, Zethelius et al, 2011 [37] f 0.69 (0.63, 0.75)

CHS, Mukamal et al, 2013 [38] 0.67 (0.67, 0.68)

RECODe, Basu et al, 2017 [14] g 0.71 (0.67, 0.69) 0.79 (0.75, 0.83) 0.72 (0.70, 0.74) 0.71 (0.68, 0.74)

Discrimination is depicted as pooled C statistic (95% CIs) based on at least two external validations of the according model
a Until 12 April 2016
bUntil 22 April 2019
cUntil January 2020
dMismatch in outcome definition
e Not considered because computer-simulation based
f Less than two external validations for the according outcome by the time of systematic search
g Score published after systematic search was completed

CHS, Cardiovascular Health Study; MI, myocardial infarction; OM, outcomes model
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Table 3 Predictors included in statistical models predicting macro- and microvascular complications in diabetic individuals
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Cardiovascular complications
Basu et al [14] 3 1 3 2 1 1 2 1
Clarke et al [31] IHD 2 1 1 1

MI 3 1 1 1 1 2
CHF 1 1 1 1
Stroke 2 1 1 1 1 1 1

Davis et al [40] 3 1 1 1 1
Davis et al [91] 3 2 3 3 2
Elley et al [86] 3 1 2 1 2 1
Folsom et al [39] Basic model 3 1 2 2

Full model 3 4 2 2 2 2 3
Hayes et al [32] CHF 1 1 1 2 2 2

IHD 2 1 2 1 1 1 1
First MI men 2 1 1 2 1 3 1 1 1
First MI women 3 1 1 1 1 2 1 2 1
First stroke 2 1 1 1 1 1 1 1 1 1

Kengne et al [35] 2 1 1 2 2 1 1
Kothari et al [33] 2 1 1 1 1 1
Mukamal et al [38] Basic model 2 1 1 2 1 1

+CRP 2 1 1 2 1 1 1
+Subclinical 2 1 1 2 1 3 1 1

Stevens et al [34] 3 1 1 1 2
Tanaka et al [50] CHD 2 1 1 1 1

Stroke 2 1 1 1 1 1
Yang et al [88] 2 1 1 1 1 1 1
Yang et al [87] 2 1 1 1 2
Zethelius et al [37] 2 2 1 1 2 1 1 1
Berkelmans et al [79] 2 2 1 1 3 1 2
Vistisen et al [42] T1D 2 2 1 1 2 2
Cederholm et al [43] T1D 1 1 1 1 2 1 1

Retinopathy
Aspelund et al [49] 1 1 3 1
Basu et al [14] 3 2 2 2 1 2
Clarke et al [31] 1 1
Dagliati et al [46] 2 1 2
Hayes et al [32] 1 1 1 2 1 1
Hippisley-Cox et al [92] 2 1 1 3 1 1 1
Semeraro et al [48] 1 1 3 2
Tanaka et al [50] 1 1 2 1
Aspelund et al [49] T1D 1 1 1 1

Nephropathy
Basu et al [14] 3 1 1 2 2 1 2 1
Clarke et al [31] 1 1
Elley et al [52] Model 1 3 1 1

Model 2 3 1 2
Model 3 3 1 2 2
Model 4 and 5 3 1 1 2 2

Dunkler et al [53] Laboratory model 2 3
Clinical model 3 1 1 1 2 2 1 3 1

Hayes et al [32] 3 1 1 1 2 1 2
Jardine et al [54] Major kidney-related events 1 1 1 2 1 1

Albuminuria 1 1 2 1 2 1
Tanaka et al [50] 1 1 1 1 1
Vistisen et al [56] T1D, core model 2 1 1 2 1 2

T1D, extended model 2 3 1 1 2 1 3 1 2

Neuropathy
Basu et al [14] 3 2 2 2 1 2
Boyko et al [58] 1 3 1 1
Tseng et al [93] Demographic model 3

Final model 3 2 3 1 1 1
Hayes et al [32] Diabetic ulcer 2 1 1 1

First amputation 2 1 1 1 1 3 1 1
Heald et al [94] 1 1 1 1 1
Hippisley-Cox et al [92] 3 2 3 1 2 1 2
Li et al [95] 2 1 1 1 4 1 1 1 1
Lagani et al [59] 1 2 1 1

Mortality
Basu et al [14] 3 1 3 2 1 1 2 1
Chang et al [60] 2 2 2 2 1 3 3
De Cosmo et al [61] 1 1 2 3 1 1

Single predictors are aggregated to categories. Colour scheme numbers indicate the numbers of individual predictors included in the corresponding predictor categories. For
full table see ESM Table 1
a Includes age, sex, ethnicity
b Includes smoking status, BMI, waist circumference, waist/hip ratio, physical activity
c Includes systolic BP, diastolic BP, hypertension, treated hypertension, BP-lowering drugs, statins, use of diuretics and nitrates, ACE inhibitors
d Includes total cholesterol, HDL-cholesterol, total cholesterol/HDL-cholesterol ratio, LDL-chholesterol, non-HDL-cholesterol, triacylglycerols
e Includes HbA1c, fasting glucose, variation of fasting glucose, diabetes duration, type of diabetes, oral hypoglycaemic agent and/or insulin use
f Includes history of CVD, ischaemic heart disease, congestive heart failure, CHD or stroke, prior coronary artery bypass graft
gAtrial fibrillation, ECG left ventricular hypertrophy, pulse pressure, heart rate, internal carotid IMT, peripheral vascular disease, ABI, cardiac conditions
h Renal insufficiency, renal disease, eGFR, micro/macroalbuminuria, uric acid, glutamic pyruvic aminotransferase (GPT), serum creatinine, urine albumin/creatinine ratio,
albumin, creatinine clearance
i Includes amputation history, ulcer history, neuropathy, absence of monofilament sensation, absence of pedal pulse
j Includes retinopathy, history of blindness
k Includes white blood cells, haemoglobin, haematocrit, age at completion of formal education, CRP, deprivation score, rheumatoid arthritis, chronic skin infection, uric acid,
anticoagulants, fibrinogen factor VII, diet, tinea pedis and/or onychomycosis

ABI, ankle–brachial index; CHF, congestive heart failure; CRP, C-reactive protein; IHD, ischaemic heart disease; IMT, intima–media thickness; MI, myocardial infarction;
T1D, type 1 diabetes
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Investigations of predictive biomarkers can either be
hypothesis-driven or exploratory. Particularly, methodologi-
cal developments aimed at identifying, characterising and
quantifying biological molecules do now support the screen-
ing of high numbers of potentially predictive biomarkers relat-
ed to the genome, transcriptome, proteome or metabolome
(Fig. 3). Numerous studies have investigated individual candi-
date biomarkers, larger candidate biomarker panels, or omics-
based biomarkers and it is beyond the scope of this review to
provide a summary of identified biomarkers predictive for
different macro- and microvascular complications. Still, such
investigations clearly lead to the identification of promising
biomarkers with high potential for clinical application.

Figure 3 shows examples of novel biomarkers for predic-
tion of nephropathy in diabetes reviewed elsewhere [66–68].
Screening of individual candidate biomarkers or larger candi-
date biomarker patterns provides evidence that blood-based
markers related to inflammation, fibrosis and renal injury
can provide predictive information beyond classical risk
factors. For example, circulating levels of TNF receptors and
other inflammatory markers have been shown to improve
discrimination of future risk of end-stage renal disease
compared with clinical markers (albuminuria, eGFR) [69,
70]. Urinary biomarkers also appear to harbour substantial
predictive information, beyond the classical markers of kidney
function used. Screening of urinary peptides has resulted in a
score combining information on 273 peptides (CKD273),
having high accuracy in the classification of eGFR status
[71]. This score has subsequently been validated to predict
rapid progression of eGFR in different cohorts [72].

Specific biomarkers or biomarker combinations can lead to
improvements in risk prediction of CVD in diabetes, beyond
classical CVD risk factors. As reviewed elsewhere in more detail
[73], N-terminal pro B-type natriuretic peptide (NT-proBNP)
appears to showparticular promise as a riskmarker in this context.
Still, analyses of larger biomarker panels have revealed a variety
of biomarkers that may in combination provide predictive infor-
mation. For example, screening of 80 circulating proteins
measured with a multi-protein assay revealed eight proteins that
in combination substantially improved discrimination of major
CVD events [74]. Of note, proteins found to predict CVD partly
overlap with those implicated for prediction of nephropathy (e.g.
TNF receptors, kidney injury molecule [KIM]-1, osteopontin).

Genetic risk scores, combining large numbers of individual
gene variants, have been evaluated in recent years in terms of
predicting the risk of diabetes complications. In the Action to
Control Cardiovascular Risk in Diabetes (ACCORD) and
Outcome Reduction With Initial Glargine Intervention
(ORIGIN) studies, a polygenetic risk score for coronary artery
disease, combining information on 204 variants from genome-
wide association studies, had poor discriminative ability for
major cardiovascular events (C statistic 0.57) [75]. Still, predic-
tion by clinical risk factors was slightly improved when genetic

information was added (AUC difference 0.007, p=0.04).
Combining genetic risk scores for several complication-
related traits to give a multi-polygenetic risk score using a total
of ~600 variants yielded moderate discriminative abilities for
major macrovascular (C statistic 0.68) and microvascular
events (C statistic 0.67) in ADVANCE [76]. This risk score
did not outperform a clinical score developed in ADVANCE
or the Framingham score for prediction of macrovascular
complications, although it did predict CVD and all-cause
mortality slightly better than Framingham. Importantly, the risk
score included non-genetic information (sex, age at diagnosis,
diabetes duration); genetic information alone provided poor
discrimination (C statistic for major macro- and microvascular
events 0.56). While these results indicate that genetic informa-
tion does not substantially improve prediction beyond clinical
risk factors so far, genetic predictors of complications are of
specific interest given that they do not vary during life and
may thus be used at diabetes diagnosis or later disease stages
without need for reassessment.

Besides classical risk factors and novel biochemical and
genetic markers, prediction models for diabetes-related compli-
cations have also included other individual characteristics relat-
ing to current treatment, comorbidities or the presence of compli-
cations other than those predicted [73, 77]. Furthermore,
morphological indicators of disease progression may be useful
for prediction. For example, examination of kidney biopsies may
reveal histopathological changes (e.g. tubular atrophy, nodular
lesions) that predict eGFR decline (Fig. 3) [67].

Towards clinical application of precision
prognostic models

For precision prognostics to be successful, it should allow clini-
cians tomatch a patient to others with a similar complication risk
and optimise therapies for this patient to result in an extended
complication-free life. Thus, precision prognostic models are not
useful by themselves, but rather they have a positive impact on
medical decision making. The availability of validated prognos-
tic models that accurately predict risk is an important first step
towards this goal. One major obstacle preventing application of
precision prognostic models into care is the largely unknown
clinical benefit. Reporting discrimination and calibration will
always be important for a prediction model but if the model is
to be used for making clinical decisions, decision-analytical
measures should be reported. For example, decision-curve ana-
lysis, plotting the net benefit of a prognostic model across differ-
ent threshold probabilities, allows the definition of a single prob-
ability threshold that can be used to categorise individuals as
positive or negative while weighting false-positive and false-
negative classifications [78]. Furthermore, combining prognos-
tic models with potential treatment effects from RCTs may be
useful for substantiating the clinical utility of precision
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prognostics. As an illustration, the Diabetes Lifetime-
perspective prediction (DIAL) model [79] allows prospective
quantification of future treatment effects on the life-years gained
without myocardial infarction or stroke based on clinically avail-
able data in individuals with type 2 diabetes.Modelled treatment
strategies include smoking cessation, medicinal treatment and
therapeutic targets regarding lowering of HbA1c and systolic
BP. As a consequence, the model provides information not only
on the need for treatment initiation based on the individual risk
but also the requirements regarding treatment intensity and
combination. Still, very few studies have directly evaluated
precision prognostic treatment approaches vs standard care. In
the Early detection of diabetic kidney disease by urinary prote-
omics and subsequent intervention with spironolactone to delay
progression (PRIORITY) trial, the urinary proteomic CKD273
score was used to quantify the risk for developing
microalbuminuria. Participants who were classified as high risk
were entered into an RCT to test whether progression to
microalbuminuria could be preventedwith themineralocorticoid
receptor antagonist spironolactone. However, development of
microalbuminuria was not significantly different from that seen
with placebo [68].

Cost-effectiveness analysis should, in addition to treatment
effects, be informative for identifying optimal thresholds of
predicted risk to target treatments based on precision predic-
tion models, as has been demonstrated for diabetes prevention
interventions [80]. In this context, monetary and
organisational capacities to collect information beyond those
routinely available (e.g. on novel non-routine biomarkers) are
likely major obstacles for implementing prognostic models.
Cost-effectiveness analyses are important here to prevent the
implementation of precision prognostics from leading to

reduced access to care and increased rather than reduced
health disparities. In addition, there is a risk that more precise
prognostication may cause distress if the options for success-
ful intervention are limited or incompatible with an individ-
ual’s needs or desires [1].

Statistical models to calculate absolute risks need to be
‘translated’ into test instruments for their practical use. In this
context, effective strategies to communicate absolute risks and
risk limits or classifications are necessary to enable clinicians
and patients to make treatment decisions. As an example, the
Joint Asia Diabetes Evaluation platform, a web-based data
collection and decision support system, provides personalised
risk categorisation and absolute risk estimation for CVD and
retinopathy. Individuals with diabetes enrolled in these inte-
grated care programmes experienced lower rates of major
complications than those in routine care [81]. However, these
individuals were not randomised and care programmes differed
by elements other than prognostic models, making it difficult to
attribute difference in outcomes to precision prognostics.

Given the largely unknown clinical benefit of precision prog-
nostics, it is no surprise that there is currently limited reference to
prognostic models in medical guidelines for the treatment of
diabetes. The ADA recommends the use of the Pooled Cohort
Equation CVD risk model, although this model was not devel-
oped specifically in individuals with diabetes [82]. Still, recom-
mendations for treatment intensity and targets for major athero-
sclerotic CVD risk factors such as BP and blood lipids are partly
based on an assessment of absolute CVD risk. In contrast, the
European Society of Cardiology (ESC) and EASD recommend
‘conventional’ CVD risk stratification, based on the presence of
prevalent CVD and CVD risk factors but without inclusion of a
prognostic model [83]. Interestingly, the ESC/EASD

Candidates Omics

Genomics Transcriptomics

Proteomics Metabolomics

Demographic and 

lifestyle factors

• Age

• Sex

• Ethnicity

• Smoking

Routine clinical 

parameters

• Hyperglycaemia

• Hypertension

• Dyslipidaemia

• Obesity

• Kidney function 

  (albuminurea, eGFR)

Novel blood and urine markers

• Cystatin C

• Inflammation (e.g. TNF receptors)

• Fibrosis (e.g. TGF-β1, BMP7, β2-macroglobulin)

• Renal injury (e.g. KIM-1)

• Urinary peptides (e.g. CKD273)

Pathological kidney findings

• Nodular lesions

• Mesangiolysis

• Polar vasculosis

Prediction of trajectories of kidney function

Screening of biomarker panels

Fig. 3 Novel biomarkers for
prediction of nephropathy in
diabetes. Evaluation of non-
conventional blood or urinary
biomarkers, either hypothesis-
based candidates or from large-
scale omics-based technologies,
has resulted in several predictive
biomarkers for nephropathy.
Importantly, such biomarkers
need to provide predictive
information beyond classical risk
factors (demographic and lifestyle
factors, routine clinical
parameters). BMP7, bone
morphogenetic protein 7; KIM-1,
kidney injury molecule-1. This
figure is available as part of a
downloadable slideset
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specifically discourage the use of risk prediction models devel-
oped for the general population in individuals with diabetes [82].
With regard to microvascular complications, current ADA
guidelines [84] do not consider the use of risk predictionmodels.
Thus, despite the existence of several validated models for
prediction of macro- and microvascular complications in indi-
viduals with diabetes, their application in routine care is current-
ly not encouraged.

Outlook

Although an increasing number of prognostic models have
been developed and validated to predict diabetes complica-
tions, the concept of precision prognosis as a component of
precision medicine is still in its infancy. Epidemiological
and clinical research could inform its further development
(Text box 2).
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Instead of developing new models, systematic evaluation of the validity of existing models across dif-

ferent populations would allow a direct comparison of models and would strongly increase the evi-

dence base for the accuracy of prognostic models. Generalisability of a model could potentially be im-

proved by synthesis of risk factor information from a range of existing prediction models rather than a

new empirical development in a single study

Separate prognostic models for different outcomes may provide different risk assessments and indi-

cate different treatment goals and options for a single person. Thus, research should attempt to pro-

vide simultaneous prediction of different complications and to define an optimal treatment decision

across the range of complications predicted

Given that microvascular complications in particular are characterised by different stages of disease

progression, multi-stage models are more likely to appropriately reflect previous stage history than

prognostic models based on single time point assessments. Likely, more frequent measurements and

longer follow-up will lead to more accurate estimates of trajectories

Prognostic models for complications in type 1 diabetes are relatively sparse and research should fill

this gap

Novel risk factors (biomarkers) should be investigated and, if proven to improve risk prediction, should

be evaluated rigorously in terms of their availability and cost in routine care

Evidence for risk-stratified treatment is largely lacking. There is a need for more formal evaluation and

demonstration of the short- and long-term impact of incorporating prognostic models for complications

and evaluation of physician and patient feedback

Systematically synthesising evidence for the clinical utility of prognostic models, considering all stages

from prognostic performance, validation, clinical decision support and impact evaluation, would support

the identification of appropriate instruments to be incorporated into clinical practice guidelines

Text box 2: epidemiological and clinical research towards precision 

prognostics in diabetes

1878

https://doi.org/10.1007/s00125-022-05731-4
https://doi.org/10.1007/s00125-022-05731-4


Diabetologia (2022) 65:1867–1882

included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Chung WK, Erion K, Florez JC et al (2020) Precision medicine in
diabetes: a Consensus Report from the American Diabetes
Association (ADA) and the European Association for the Study
of Diabetes (EASD). Diabetologia 63(9):1671–1693. https://doi.
org/10.1007/s00125-020-05181-w

2. International Diabetes Federation (2016) Diabetes and cardiovas-
cular disease. International Diabetes Federation, Brussels, Belgium

3. The Emerging Risk Factors Collaboration (2011) Diabetes mellitus,
fasting glucose, and risk of cause-specific death. N Engl J Med
364(9):829–841. https://doi.org/10.1056/NEJMoa1008862

4. Harding JL, PavkovME,MaglianoDJ, Shaw JE, Gregg EW (2019)
Global trends in diabetes complications: a review of current
evidence. Diabetologia 62(1):3–16. https://doi.org/10.1007/
s00125-018-4711-2

5. Ahlqvist E, Storm P, Käräjämäki A et al (2018) Novel subgroups of
adult-onset diabetes and their association with outcomes: a data-
driven cluster analysis of six variables. Lancet Diabetes
Endocrinol 6(5):361–369. https://doi.org/10.1016/S2213-8587(18)
30051-2

6. Zaharia OP, Strassburger K, Strom A et al (2019) Risk of diabetes-
associated diseases in subgroups of patients with recent-onset
diabetes: a 5-year follow-up study. Lancet Diabetes Endocrinol
7(9):684–694. https://doi.org/10.1016/s2213-8587(19)30187-1

7. Dennis JM, Shields BM, Henley WE, Jones AG, Hattersley AT
(2019) Disease progression and treatment response in data-driven
subgroups of type 2 diabetes compared with models based on
simple clinical features: an analysis using clinical trial data.
Lancet Diabetes Endocrinol 7(6):442–451. https://doi.org/10.
1016/S2213-8587(19)30087-7

8. Moons KG, Kengne AP, Grobbee DE et al (2012) Risk prediction
models: II. External validation, model updating, and impact assess-
ment. Heart 98(9):691–698. https://doi.org/10.1136/heartjnl-2011-
301247

9. Moons KG, Kengne AP,WoodwardM et al (2012) Risk prediction
models: I. Development, internal validation, and assessing the
incremental value of a new (bio)marker. Heart 98(9):683–690.
https://doi.org/10.1136/heartjnl-2011-301246

10. Pencina MJ, Goldstein BA, D’Agostino RB (2020) Prediction
Models — Development, Evaluation, and Clinical Application. N
Engl J Med 382(17):1583–1586. https://doi.org/10.1056/
NEJMp2000589

11. Pencina MJ, D’Agostino RB (2004) Overall C as a measure of
discrimination in survival analysis: model specific population value
and confidence interval estimation. Stat Med 23(13):2109–2123.
https://doi.org/10.1002/sim.1802

12. Steyerberg EW, Vickers AJ, Cook NR et al (2010) Assessing the
performance of prediction models: a framework for traditional and
novel measures. Epidemiology 21(1):128–138. https://doi.org/10.
1097/EDE.0b013e3181c30fb2

13. Pencina MJ, D’ Agostino RB Sr, D’ Agostino RB Jr, Vasan RS
(2008) Evaluating the added predictive ability of a new marker:
From area under the ROC curve to reclassification and beyond.
Stat Med 27(2):157–172. https://doi.org/10.1002/sim.2929

14. Basu S, Sussman JB, Berkowitz SA, Hayward RA, Yudkin JS
(2017) Development and validation of Risk Equations for

Complications Of type 2 Diabetes (RECODe) using individual
participant data from randomised trials. Lancet Diabetes
Endocrinol 5(10):788–798. https://doi.org/10.1016/S2213-
8587(17)30221-8

15. Brownrigg JR, Hughes CO, Burleigh D et al (2016) Microvascular
disease and risk of cardiovascular events among individuals with
type 2 diabetes: a population-level cohort study. Lancet Diabetes
Endocrinol 4(7):588–597. https://doi.org/10.1016/s2213-8587(16)
30057-2

16. Kaze AD, Santhanam P, Erqou S, Bertoni AG, Ahima RS,
Echouffo-Tcheugui JB (2021) Microvascular disease and cardio-
vascular outcomes among individuals with type 2 diabetes.
Diabetes Res Clin Pract 176:108859. https://doi.org/10.1016/j.
diabres.2021.108859

17. Drinkwater JJ, Davis TME, Hellbusch V, Turner AW, Bruce DG,
Davis WA (2020) Retinopathy predicts stroke but not myocardial
infarction in type 2 diabetes: the Fremantle Diabetes Study Phase II.
Cardiovasc Diabetol 19(1):43. https://doi.org/10.1186/s12933-020-
01018-3

18. Issar T, Arnold R, Kwai NCG et al (2019) Relative contributions of
diabetes and chronic kidney disease to neuropathy development in
diabetic nephropathy patients. Clin Neurophysiol 130(11):2088–
2095. https://doi.org/10.1016/j.clinph.2019.08.005

19. Lovshin JA, Bjornstad P, Lovblom LE et al (2018) Atherosclerosis
and Microvascular Complications: Results From the Canadian
Study of Longevity in Type 1 Diabetes. Diabetes Care 41(12):
2570. https://doi.org/10.2337/dc18-1236

20. Pongrac Barlovic D, Harjutsalo V, Gordin D et al (2018) The
Association of Severe Diabetic Retinopathy With Cardiovascular
Outcomes in Long-standing Type 1 Diabetes: A Longitudinal
Follow-up. Diabetes Care 41(12):2487–2494. https://doi.org/10.
2337/dc18-0476

21. Vergouwe Y, Moons KG, Steyerberg EW (2010) External validity
of risk models: Use of benchmark values to disentangle a case-mix
effect from incorrect coefficients. Am J Epidemiol 172(8):971–980.
https://doi.org/10.1093/aje/kwq223

22. Goff DC, Lloyd-Jones DM, Bennett G et al (2014) 2013 ACC/
AHA Guideline on the Assessment of Cardiovascular Risk.
Circulation 129(25_suppl_2):S49–S73. https://doi.org/10.1161/01.
cir.0000437741.48606.98

23. Anderson KM, Odell PM, Wilson PW, Kannel WB (1991)
Cardiovascular disease risk profiles. Am Heart J 121(1 Pt 2):293–
298. https://doi.org/10.1016/0002-8703(91)90861-b

24. D’Agostino RB Sr, Vasan RS, Pencina MJ et al (2008) General
cardiovascular risk profile for use in primary care: the
Framingham Heart Study. Circulation 117(6):743–753. https://
doi.org/10.1161/circulationaha.107.699579

25. Coleman RL, Stevens RJ, Retnakaran R, Holman RR (2007)
Framingham, SCORE, and DECODE Risk Equations Do Not
Provide Reliable Cardiovascular Risk Estimates in Type 2
Diabetes. Diabetes Care 30(5):1292–1293. https://doi.org/10.
2337/dc06-1358

26. Davis WA, Colagiuri S, Davis TM (2009) Comparison of the
Framingham and United Kingdom Prospective Diabetes Study
cardiovascular risk equations in Australian patients with type 2
diabetes from the Fremantle Diabetes Study. Med J Aust 190(4):
180–184. https://doi.org/10.5694/j.1326-5377.2009.tb02684.x

27. Kengne AP, Patel A, Colagiuri S et al (2010) The Framingham and
UK Prospective Diabetes Study (UKPDS) risk equations do not
reliably estimate the probability of cardiovascular events in a large
ethnically diverse sample of patients with diabetes: the Action in
Diabetes and Vascular Disease: Preterax and Diamicron-MR
Controlled Evaluation (ADVANCE) Study. Diabetologia 53(5):
821–831. https://doi.org/10.1007/s00125-010-1681-4

28. Chowdhury MZI, Yeasmin F, Rabi DM, Ronksley PE, Turin TC
(2019) Prognostic tools for cardiovascular disease in patients with

1879

https://doi.org/10.1007/s00125-020-05181-w
https://doi.org/10.1007/s00125-020-05181-w
https://doi.org/10.1056/NEJMoa1008862
https://doi.org/10.1007/s00125-018-4711-2
https://doi.org/10.1007/s00125-018-4711-2
https://doi.org/10.1016/S2213-8587(18)30051-2
https://doi.org/10.1016/S2213-8587(18)30051-2
https://doi.org/10.1016/s2213-8587(19)30187-1
https://doi.org/10.1016/S2213-8587(19)30087-7
https://doi.org/10.1016/S2213-8587(19)30087-7
https://doi.org/10.1136/heartjnl-2011-301247
https://doi.org/10.1136/heartjnl-2011-301247
https://doi.org/10.1136/heartjnl-2011-301246
https://doi.org/10.1056/NEJMp2000589
https://doi.org/10.1056/NEJMp2000589
https://doi.org/10.1002/sim.1802
https://doi.org/10.1097/EDE.0b013e3181c30fb2
https://doi.org/10.1097/EDE.0b013e3181c30fb2
https://doi.org/10.1002/sim.2929
https://doi.org/10.1016/S2213-8587(17)30221-8
https://doi.org/10.1016/S2213-8587(17)30221-8
https://doi.org/10.1016/s2213-8587(16)30057-2
https://doi.org/10.1016/s2213-8587(16)30057-2
https://doi.org/10.1016/j.diabres.2021.108859
https://doi.org/10.1016/j.diabres.2021.108859
https://doi.org/10.1186/s12933-020-01018-3
https://doi.org/10.1186/s12933-020-01018-3
https://doi.org/10.1016/j.clinph.2019.08.005
https://doi.org/10.2337/dc18-1236
https://doi.org/10.2337/dc18-0476
https://doi.org/10.2337/dc18-0476
https://doi.org/10.1093/aje/kwq223
https://doi.org/10.1161/01.cir.0000437741.48606.98
https://doi.org/10.1161/01.cir.0000437741.48606.98
https://doi.org/10.1016/0002-8703(91)90861-b
https://doi.org/10.1161/circulationaha.107.699579
https://doi.org/10.1161/circulationaha.107.699579
https://doi.org/10.2337/dc06-1358
https://doi.org/10.2337/dc06-1358
https://doi.org/10.5694/j.1326-5377.2009.tb02684.x
https://doi.org/10.1007/s00125-010-1681-4


Diabetologia (2022) 65:1867–1882

type 2 diabetes: A systematic review and meta-analysis of C-statis-
tics. J Diabetes Complicat 33(1):98–111. https://doi.org/10.1016/j.
jdiacomp.2018.10.010

29. Buchan TA, Malik A, Chan C et al (2021) Predictive models for
cardiovascular and kidney outcomes in patients with type 2 diabe-
tes: systematic review and meta-analyses. Heart 107:1962–1973.
https://doi.org/10.1136/heartjnl-2021-319243

30. Chowdhury MZI, Yeasmin F, Rabi DM, Ronksley PE, Turin TC
(2019) Predicting the risk of stroke among patients with type 2
diabetes: a systematic review and meta-analysis of C-statistics.
BMJ Open 9(8):e025579. https://doi.org/10.1136/bmjopen-2018-
025579

31. Clarke PM, Gray AM, Briggs A et al (2004) A model to estimate
the lifetime health outcomes of patients with type 2 diabetes: the
United Kingdom Prospective Diabetes Study (UKPDS) Outcomes
Model (UKPDS no. 68). Diabetologia 47(10):1747–1759. https://
doi.org/10.1007/s00125-004-1527-z

32. Hayes AJ, Leal J, Gray AM, Holman RR, Clarke PM (2013)
UKPDS outcomes model 2: a new version of a model to simulate
lifetime health outcomes of patients with type 2 diabetes mellitus
using data from the 30 year United Kingdom Prospective Diabetes
Study: UKPDS 82. Diabetologia 56(9):1925–1933. https://doi.org/
10.1007/s00125-013-2940-y

33. Kothari V, Stevens RJ, Adler AI et al (2002) UKPDS 60: risk of
stroke in type 2 diabetes estimated by the UK Prospective Diabetes
Study risk engine. Stroke 33(7):1776–1781. https://doi.org/10.
1161/01.STR.0000020091.07144.C7

34. Stevens RJ, Kothari V, Adler AI, Stratton IM (2001) The UKPDS
risk engine: a model for the risk of coronary heart disease in Type II
diabetes (UKPDS 56). Clin Sci (Lond) 101(6):671–679. https://doi.
org/10.1042/CS20000335

35. Kengne AP, Patel A, MarreM et al (2011) Contemporary model for
cardiovascular risk prediction in people with type 2 diabetes. Eur J
Cardiovasc Prev Rehabil 18(3):393–398. https://doi.org/10.1177/
1741826710394270

36. Cederholm J, Eeg-Olofsson K, Eliasson B et al (2008) Risk predic-
tion of cardiovascular disease in type 2 diabetes: a risk equation
from the Swedish National Diabetes Register. Diabetes Care
31(10):2038–2043. https://doi.org/10.2337/dc08-0662

37. Zethelius B, Eliasson B, Eeg-Olofsson K, Svensson AM,
Gudbjörnsdottir S, Cederholm J (2011) A new model for 5-year
risk of cardiovascular disease in type 2 diabetes, from the Swedish
National Diabetes Register (NDR). Diabetes Res Clin Pract 93(2):
276–284. https://doi.org/10.1016/j.diabres.2011.05.037

38. Mukamal KJ, Kizer JR, Djousse L et al (2013) Prediction and
classification of cardiovascular disease risk in older adults with
diabetes. Diabetologia 56(2):275–283. https://doi.org/10.1007/
s00125-012-2772-1

39. Folsom AR, Chambless LE, Duncan BB, Gilbert AC, Pankow JS,
the Atherosclerosis Risk in Communities Study Investigators
(2003) Prediction of Coronary Heart Disease in Middle-Aged
Adults With Diabetes. Diabetes Care 26(10):2777. https://doi.org/
10.2337/diacare.26.10.2777

40. Davis WA, Knuiman MW, Davis TME (2010) An Australian
cardiovascular risk equation for type 2 diabetes: the Fremantle
Diabetes Study. Intern Med J 40(4):286–292. https://doi.org/10.
1111/j.1445-5994.2009.01958.x

41. van der Leeuw J, van Dieren S, Beulens JWJ et al (2015) The
validation of cardiovascular risk scores for patients with type 2
diabetes mellitus. Heart 101(3):222. https://doi.org/10.1136/
heartjnl-2014-306068

42. Vistisen D, Andersen GS, Hansen CS et al (2016) Prediction of
First Cardiovascular Disease Event in Type 1 Diabetes Mellitus:
The Steno Type 1 Risk Engine. Circulation 133(11):1058–1066.
https://doi.org/10.1161/circulationaha.115.018844

43. Cederholm J, Eeg-Olofsson K, Eliasson B, Zethelius B,
Gudbjörnsdottir S (2011) A new model for 5-year risk of cardio-
vascular disease in Type 1 diabetes; from the Swedish National
Diabetes Register (NDR). Diabet Med 28(10):1213–1220. https://
doi.org/10.1111/j.1464-5491.2011.03342.x

44. McGurnaghan SJ, McKeigue PM, Read SH et al (2021)
Development and validation of a cardiovascular risk prediction
model in type 1 diabetes. Diabetologia 64(9):2001–2011. https://
doi.org/10.1007/s00125-021-05478-4

45. van der Heijden AA, Nijpels G, Badloe F et al (2020) Prediction
models for development of retinopathy in people with type 2 diabe-
tes: systematic review and external validation in a Dutch primary
care setting. Diabetologia 63(6):1110–1119. https://doi.org/10.
1007/s00125-020-05134-3

46. Dagliati A, Marini S, Sacchi L et al (2018) Machine Learning
Methods to Predict Diabetes Complications. J Diabetes Sci
Te chno l 12 ( 2 ) : 295–302 . h t t p s : / / d o i . o r g / 10 . 1177 /
1932296817706375

47. Scanlon PH, Aldington SJ, Leal J et al (2015) Development of a
cost-effectiveness model for optimisation of the screening interval
in diabetic retinopathy screening. Health Technol Assess 19(74):1–
116. https://doi.org/10.3310/hta19740

48. Semeraro F, Parrinello G, Cancarini A et al (2011) Predicting the
risk of diabetic retinopathy in type 2 diabetic patients. J Diabetes
Complicat 25(5):292–297. https://doi.org/10.1016/j.jdiacomp.
2010.12.002

49. Aspelund T, Thornórisdóttir O, Olafsdottir E et al (2011) Individual
risk assessment and information technology to optimise screening
frequency for diabetic retinopathy. Diabetologia 54(10):2525–
2532. https://doi.org/10.1007/s00125-011-2257-7

50. Tanaka S, Tanaka S, Iimuro S et al (2013) Predicting macro- and
microvascular complications in type 2 diabetes: the Japan Diabetes
Complications Study/the Japanese Elderly Diabetes Intervention
Trial risk engine. Diabetes Care 36(5):1193–1199. https://doi.org/
10.2337/dc12-0958

51. Schreur V, Ng H, Nijpels G et al (2021) Validation of a model for
the prediction of retinopathy in persons with type 1 diabetes. Br J
Ophthalmol 105(9):1286. https://doi.org/10.1136/bjophthalmol-
2018-313539

52. Elley CR, Robinson T, Moyes SA et al (2013) Derivation and
validation of a renal risk score for people with type 2 diabetes.
Diabetes Care 36(10):3113–3120. https://doi.org/10.2337/dc13-
0190

53. Dunkler D, Gao P, Lee SF et al (2015) Risk Prediction for Early
CKD in Type 2 Diabetes. Clin J Am Soc Nephrol 10(8):1371–
1379. https://doi.org/10.2215/cjn.10321014

54. JardineMJ, Hata J, WoodwardM et al (2012) Prediction of kidney-
related outcomes in patients with type 2 diabetes. Am J Kidney Dis
60(5):770–778. https://doi.org/10.1053/j.ajkd.2012.04.025

55. Tangri N, Stevens LA, Griffith J et al (2011) A predictive model for
progression of chronic kidney disease to kidney failure. JAMA
305(15):1553–1559. https://doi.org/10.1001/jama.2011.451

56. Vistisen D, Andersen GS, Hulman A et al (2021) A Validated
Prediction Model for End-Stage Kidney Disease in Type 1
Diabetes. Diabetes Care 44(4):901. https://doi.org/10.2337/dc20-
2586

57. Beulens JWJ, Yauw JS, Elders PJM et al (2021) Prognostic models
for predicting the risk of foot ulcer or amputation in people with
type 2 diabetes: a systematic review and external validation study.
Diabetologia 64(7):1550–1562. https://doi.org/10.1007/s00125-
021-05448-w

58. Boyko EJ, Ahroni JH, Cohen V, Nelson KM, Heagerty PJ (2006)
Prediction of diabetic foot ulcer occurrence using commonly avail-
able clinical information: the Seattle Diabetic Foot Study. Diabetes
Care 29(6):1202–1207. https://doi.org/10.2337/dc05-2031

1880

https://doi.org/10.1016/j.jdiacomp.2018.10.010
https://doi.org/10.1016/j.jdiacomp.2018.10.010
https://doi.org/10.1136/heartjnl-2021-319243
https://doi.org/10.1136/bmjopen-2018-025579
https://doi.org/10.1136/bmjopen-2018-025579
https://doi.org/10.1007/s00125-004-1527-z
https://doi.org/10.1007/s00125-004-1527-z
https://doi.org/10.1007/s00125-013-2940-y
https://doi.org/10.1007/s00125-013-2940-y
https://doi.org/10.1161/01.STR.0000020091.07144.C7
https://doi.org/10.1161/01.STR.0000020091.07144.C7
https://doi.org/10.1042/CS20000335
https://doi.org/10.1042/CS20000335
https://doi.org/10.1177/1741826710394270
https://doi.org/10.1177/1741826710394270
https://doi.org/10.2337/dc08-0662
https://doi.org/10.1016/j.diabres.2011.05.037
https://doi.org/10.1007/s00125-012-2772-1
https://doi.org/10.1007/s00125-012-2772-1
https://doi.org/10.2337/diacare.26.10.2777
https://doi.org/10.2337/diacare.26.10.2777
https://doi.org/10.1111/j.1445-5994.2009.01958.x
https://doi.org/10.1111/j.1445-5994.2009.01958.x
https://doi.org/10.1136/heartjnl-2014-306068
https://doi.org/10.1136/heartjnl-2014-306068
https://doi.org/10.1161/circulationaha.115.018844
https://doi.org/10.1111/j.1464-5491.2011.03342.x
https://doi.org/10.1111/j.1464-5491.2011.03342.x
https://doi.org/10.1007/s00125-021-05478-4
https://doi.org/10.1007/s00125-021-05478-4
https://doi.org/10.1007/s00125-020-05134-3
https://doi.org/10.1007/s00125-020-05134-3
https://doi.org/10.1177/1932296817706375
https://doi.org/10.1177/1932296817706375
https://doi.org/10.3310/hta19740
https://doi.org/10.1016/j.jdiacomp.2010.12.002
https://doi.org/10.1016/j.jdiacomp.2010.12.002
https://doi.org/10.1007/s00125-011-2257-7
https://doi.org/10.2337/dc12-0958
https://doi.org/10.2337/dc12-0958
https://doi.org/10.1136/bjophthalmol-2018-313539
https://doi.org/10.1136/bjophthalmol-2018-313539
https://doi.org/10.2337/dc13-0190
https://doi.org/10.2337/dc13-0190
https://doi.org/10.2215/cjn.10321014
https://doi.org/10.1053/j.ajkd.2012.04.025
https://doi.org/10.1001/jama.2011.451
https://doi.org/10.2337/dc20-2586
https://doi.org/10.2337/dc20-2586
https://doi.org/10.1007/s00125-021-05448-w
https://doi.org/10.1007/s00125-021-05448-w
https://doi.org/10.2337/dc05-2031


Diabetologia (2022) 65:1867–1882

59. Lagani V, Chiarugi F, Thomson S et al (2015) Development and
validation of risk assessment models for diabetes-related complica-
tions based on the DCCT/EDIC data. J Diabetes Complicat 29(4):
479–487. https://doi.org/10.1016/j.jdiacomp.2015.03.001

60. Chang YK, Huang LF, Shin SJ et al (2017) A Point-basedMortality
Prediction System for Older Adults with Diabetes. Sci Rep 7(1):
12652. https://doi.org/10.1038/s41598-017-12751-3

61. De Cosmo S, Copetti M, Lamacchia O et al (2013) Development
and Validation of a Predicting Model of All-Cause Mortality in
Patients With Type 2 Diabetes. Diabetes Care 36(9):2830. https://
doi.org/10.2337/dc12-1906

62. Basu S, Sussman JB, Berkowitz SA et al (2018) Validation of Risk
Equations for Complications of Type 2 Diabetes (RECODe) Using
Individual Participant Data From Diverse Longitudinal Cohorts in
the U.S. Diabetes Care 41(3):586–595. https://doi.org/10.2337/
dc17-2002

63. Copetti M, Shah H, Fontana A et al (2019) Estimation of Mortality
Risk in Type 2 Diabetic Patients (ENFORCE): An Inexpensive and
Parsimonious Prediction Model. J Clin Endocrinol Metab 104(10):
4900–4908. https://doi.org/10.1210/jc.2019-00215

64. Henriksson M, Jindal R, Sternhufvud C, Bergenheim K, Sörstadius
E, Willis M (2016) A Systematic Review of Cost-Effectiveness
Models in Type 1 Diabetes Mellitus. Pharmacoeconomics 34(6):
569–585. https://doi.org/10.1007/s40273-015-0374-8

65. Tran-Duy A, Knight J, Palmer AJ et al (2020) A Patient-Level
Model to Estimate Lifetime Health Outcomes of Patients With
Type 1 Diabetes. Diabetes Care 43(8):1741–1749. https://doi.org/
10.2337/dc19-2249

66. Colhoun HM, Marcovecchio ML (2018) Biomarkers of diabetic
kidney disease. Diabetologia 61(5):996–1011. https://doi.org/10.
1007/s00125-018-4567-5

67. OshimaM, Shimizu M, Yamanouchi M et al (2021) Trajectories of
kidney function in diabetes: a clinicopathological update. Nat Rev
Nephrol 17:740–750. https://doi.org/10.1038/s41581-021-00462-y

68. Tofte N, Lindhardt M, Adamova K et al (2020) Early detection of
diabetic kidney disease by urinary proteomics and subsequent inter-
vention with spironolactone to delay progression (PRIORITY): a
prospective observational study and embedded randomised
placebo-controlled trial. Lancet Diabetes Endocrinol 8(4):301–
312. https://doi.org/10.1016/s2213-8587(20)30026-7

69. Niewczas MA, Gohda T, Skupien J et al (2012) Circulating TNF
receptors 1 and 2 predict ESRD in type 2 diabetes. J Am Soc
Nephrol 23(3):507–515. https://doi.org/10.1681/asn.2011060627

70. Niewczas MA, Pavkov ME, Skupien J et al (2019) A signature of
circulating inflammatory proteins and development of end-stage
renal disease in diabetes. Nat Med 25(5):805–813. https://doi.org/
10.1038/s41591-019-0415-5

71. Argilés Á, Siwy J, Duranton F et al (2013) CKD273, a new prote-
omics classifier assessing CKD and its prognosis. PLoS One 8(5):
e62837. https://doi.org/10.1371/journal.pone.0062837

72. Pontillo C, Jacobs L, Staessen JA et al (2017) A urinary proteome-
based classifier for the early detection of decline in glomerular
filtration. Nephrol Dial Transplant 32(9):1510–1516. https://doi.
org/10.1093/ndt/gfw239

73. Bachmann KN, Wang TJ (2018) Biomarkers of cardiovascular
disease: contributions to risk prediction in individuals with diabetes.
Diabetologia 61(5):987–995. https://doi.org/10.1007/s00125-017-
4442-9

74. Nowak C, Carlsson AC, Östgren CJ et al (2018) Multiplex proteo-
mics for prediction of major cardiovascular events in type 2 diabe-
tes. Diabetologia 61(8):1748–1757. https://doi.org/10.1007/
s00125-018-4641-z

75. Morieri ML, Gao H, Pigeyre M et al (2018) Genetic Tools for
Coronary Risk Assessment in Type 2 Diabetes: A Cohort Study
From the ACCORD Clinical Trial. Diabetes Care 41(11):2404–
2413. https://doi.org/10.2337/dc18-0709

76. Tremblay J, Haloui M, Attaoua R et al (2021) Polygenic risk scores
predict diabetes complications and their response to intensive blood
pressure and glucose control. Diabetologia 64:2012–2025. https://
doi.org/10.1007/s00125-021-05491-7

77. Haider S, Sadiq SN,MooreD, PriceMJ, NirantharakumarK (2019)
Prognostic predictionmodels for diabetic retinopathy progression: a
systematic review. Eye (Lond) 33(5):702–713. https://doi.org/10.
1038/s41433-018-0322-x

78. Vickers AJ, Elkin EB (2006)Decision curve analysis: a novel meth-
od for evaluating prediction models. Med Decis Mak 26(6):565–
574. https://doi.org/10.1177/0272989x06295361

79. Berkelmans GFN, Gudbjörnsdottir S, Visseren FLJ et al (2019)
Prediction of individual life-years gained without cardiovascular
events from lipid, blood pressure, glucose, and aspirin treatment
based on data of more than 500 000 patients with Type 2 diabetes
mellitus. Eur Heart J 40(34):2899–2906. https://doi.org/10.1093/
eurheartj/ehy839

80. Mühlenbruch K, Zhuo X, Bardenheier B et al (2020) Selecting the
optimal risk threshold of diabetes risk scores to identify high-risk
individuals for diabetes prevention: a cost-effectiveness analysis.
Acta Diabetol 57(4):447–454. https://doi.org/10.1007/s00592-
019-01451-1

81. Lim L-L, Lau ESH, Ozaki R et al (2020) Association of technolog-
ically assisted integrated care with clinical outcomes in type 2
diabetes in Hong Kong using the prospective JADE Program: A
retrospective cohort analysis. PLoS Med 17(10):e1003367. https://
doi.org/10.1371/journal.pmed.1003367

82. American Diabetes Association (2021) 10. Cardiovascular Disease
and Risk Management: Standards of Medical Care in Diabetes-
2021. Diabetes Care 44(Suppl 1):S125–S150. https://doi.org/10.
2337/dc21-S010

83. Cosentino F, Grant PJ, Aboyans V et al (2020) 2019 ESC
Guidelines on diabetes, pre-diabetes, and cardiovascular diseases
developed in collaboration with the EASD. Eur Heart J 41(2):255–
323. https://doi.org/10.1093/eurheartj/ehz486

84. American Diabetes Association (2021) 11. Microvascular
Complications and Foot Care: Standards of Medical Care in
Diabetes-2021. Diabetes Care 44(Suppl 1):S151–S167. https://
doi.org/10.2337/dc21-S011

85. Schiborn C, Kühn T, Mühlenbruch K et al (2021) A newly devel-
oped and externally validated non-clinical score accurately predicts
10-year cardiovascular disease risk in the general adult population.
Sci Rep 11(1):19609. https://doi.org/10.1038/s41598-021-99103-4

86. Elley CR, Robinson E, Kenealy T, Bramley D, Drury PL (2010)
Derivation and Validation of a New Cardiovascular Risk Score for
People With Type 2 Diabetes The New Zealand Diabetes Cohort
Study. Diabetes Care 33(6):1347–1352. https://doi.org/10.2337/
dc09-1444

87. Yang X, So WY, Kong AP et al (2008) Development and valida-
tion of a total coronary heart disease risk score in type 2 diabetes
mellitus. Am J Cardiol 101(5):596–601. https://doi.org/10.1016/j.
amjcard.2007.10.019

88. Yang X, So WY, Kong AP et al (2007) Development and valida-
tion of stroke risk equation for Hong Kong Chinese patients with
type 2 diabetes: the Hong Kong Diabetes Registry. Diabetes Care
30(1):65–70. https://doi.org/10.2337/dc06-1273

89. Read SH, van Diepen M, Colhoun HM et al (2018) Performance of
Cardiovascular Disease Risk Scores in People Diagnosed With
Type 2 Diabetes: External Validation Using Data From the
National Scottish Diabetes Register. Diabetes Care 41(9):2010–
2018. https://doi.org/10.2337/dc18-0578

90. Quan J, Pang D, Li TK et al (2019) Risk Prediction Scores for
Mortality, Cerebrovascular, and Heart Disease Among Chinese
People With Type 2 Diabetes. J Clin Endocrinol Metab 104(12):
5823–5830. https://doi.org/10.1210/jc.2019-00731

1881

https://doi.org/10.1016/j.jdiacomp.2015.03.001
https://doi.org/10.1038/s41598-017-12751-3
https://doi.org/10.2337/dc12-1906
https://doi.org/10.2337/dc12-1906
https://doi.org/10.2337/dc17-2002
https://doi.org/10.2337/dc17-2002
https://doi.org/10.1210/jc.2019-00215
https://doi.org/10.1007/s40273-015-0374-8
https://doi.org/10.2337/dc19-2249
https://doi.org/10.2337/dc19-2249
https://doi.org/10.1007/s00125-018-4567-5
https://doi.org/10.1007/s00125-018-4567-5
https://doi.org/10.1038/s41581-021-00462-y
https://doi.org/10.1016/s2213-8587(20)30026-7
https://doi.org/10.1681/asn.2011060627
https://doi.org/10.1038/s41591-019-0415-5
https://doi.org/10.1038/s41591-019-0415-5
https://doi.org/10.1371/journal.pone.0062837
https://doi.org/10.1093/ndt/gfw239
https://doi.org/10.1093/ndt/gfw239
https://doi.org/10.1007/s00125-017-4442-9
https://doi.org/10.1007/s00125-017-4442-9
https://doi.org/10.1007/s00125-018-4641-z
https://doi.org/10.1007/s00125-018-4641-z
https://doi.org/10.2337/dc18-0709
https://doi.org/10.1007/s00125-021-05491-7
https://doi.org/10.1007/s00125-021-05491-7
https://doi.org/10.1038/s41433-018-0322-x
https://doi.org/10.1038/s41433-018-0322-x
https://doi.org/10.1177/0272989x06295361
https://doi.org/10.1093/eurheartj/ehy839
https://doi.org/10.1093/eurheartj/ehy839
https://doi.org/10.1007/s00592-019-01451-1
https://doi.org/10.1007/s00592-019-01451-1
https://doi.org/10.1371/journal.pmed.1003367
https://doi.org/10.1371/journal.pmed.1003367
https://doi.org/10.2337/dc21-S010
https://doi.org/10.2337/dc21-S010
https://doi.org/10.1093/eurheartj/ehz486
https://doi.org/10.2337/dc21-S011
https://doi.org/10.2337/dc21-S011
https://doi.org/10.1038/s41598-021-99103-4
https://doi.org/10.2337/dc09-1444
https://doi.org/10.2337/dc09-1444
https://doi.org/10.1016/j.amjcard.2007.10.019
https://doi.org/10.1016/j.amjcard.2007.10.019
https://doi.org/10.2337/dc06-1273
https://doi.org/10.2337/dc18-0578
https://doi.org/10.1210/jc.2019-00731


Diabetologia (2022) 65:1867–1882

91. Davis WA, Hellbusch V, Hunter ML, Bruce DG, Davis TME (2020)
Contemporary Cardiovascular Risk Assessment for Type 2 Diabetes
Including Heart Failure as an Outcome: The Fremantle Diabetes Study
Phase II. J Clin Med 9(5):1428. https://doi.org/10.3390/jcm9051428

92. Hippisley-Cox J, Coupland C (2015) Development and validation
of risk prediction equations to estimate future risk of blindness and
lower limb amputation in patients with diabetes: cohort study. BMJ
351:h5441. https://doi.org/10.1136/bmj.h5441

93. Tseng CL, Rajan M, Miller DR et al (2005) Use of administrative
data to risk adjust amputation rates in a national cohort of medicare-
enrolled veterans with diabetes. Med Care 43(1):88–92

94. HealdA, LuntM, RutterMK et al (2019) Developing a foot ulcer risk
model: what is needed to do this in a real-world primary care setting?
Diabet Med 36(11):1412–1416. https://doi.org/10.1111/dme.13837

95. Li CI, Lin CC, Cheng HM et al (2020) Derivation and validation of
a clinical prediction model for assessing the risk of lower extremity
amputation in patients with type 2 diabetes. Diabetes Res Clin Pract
165:108231. https://doi.org/10.1016/j.diabres.2020.108231

Publisher’s note Springer Nature remains neutral with regard to jurisdic-
tional claims in published maps and institutional affiliations.

1882

https://doi.org/10.3390/jcm9051428
https://doi.org/10.1136/bmj.h5441
https://doi.org/10.1111/dme.13837
https://doi.org/10.1016/j.diabres.2020.108231

	Precision prognostics for the development of complications in diabetes
	Abstract
	Introduction
	Methodological approaches for the development and validation of prognostic models
	Current status of prognostic models that use ‘classical’ risk factors
	Risk models for the prediction of macrovascular complications
	Risk models for the prediction of microvascular complications
	Risk models for the prediction of all-cause mortality
	Risk models for multiple diabetes-related complications and future research directions

	Non-classical biomarkers and omics-based predictors
	Towards clinical application of precision prognostic models
	Outlook
	References




